Introduction
Lipid-binding proteins play important roles in cell signaling and membrane trafficking (1) , lipid metabolism and transport (2, 3) , innate immune response to bacterial infections (4) , and regulation of gene expression and cell growth (5) . Prediction of the functional roles of lipid-binding proteins is important for facilitating the study of various biological processes and the search of new therapeutic targets. Intensive efforts have been directed at the study of the genetics of lipid-binding (3, 5) and molecular mechanism of lipid-protein interactions which provide useful clues about sequence features, structural characteristics, domains, the physicochemical properties and kinetic data related to lipid binding and metabolism (6) (7) (8) (9) (10) (11) (12) (13) , which can be explored for developing methods for predicting the function of lipid-binding proteins.
At present, prediction of the function of lipid-binding proteins is primarily based on sequence similarity and clustering methods (14) and identification of sequence signals and motifs (15) (16) (17) (18) (19) . It is known that many genomes contain substantial percentage of the putative protein-coding open reading frames which are non-homologous to any protein of known function (20, 21) . Therefore, it is desirable to explore additional methods that predict protein function irrespective of sequence similarity. A statistical learning method, support vector machines (SVM), has been successfully used for predicting the functional classes of molecule-binding proteins such as RNA-binding proteins (22, 23) , DNA-binding proteins (23) and transporters (24) irrespective of sequence similarity from sequence-derived structural and physicochemical properties. SVM also showed a certain level of capability for predicting novel proteins that have no known similarity to any other proteins (25, 26) . It is thus of interest to explore SVM for predicting the functional classes of lipid-binding proteins.
Lipid-binding proteins are diverse in sequence, structure, and function (6) (7) (8) (9) (10) (11) (12) (13) . Non-the-less, lipid recognition by proteins is primarily mediated by some combination of a number of structural and physicochemical features including conserved fold elements (5) , specific lipid-binding site architectures (6) and recognition motifs (7, 13) , ordered hydrophobic and polar contacts between lipid and protein (8) , and multiple noncovalent interactions from protein residues to lipid head groups and hydrophobic tails (13) . To some extent, these lipid-protein binding features are similar to those of other molecule-binding features of proteins such as RNA-binding proteins, DNA-binding proteins and transporters. For instance, RNA-binding proteins are also diverse in sequence, structure and function whose binding capability are mediated by certain classes of RNA-binding domains and motifs (27) (28) (29) (30) . Therefore, it is expected that SVM is also applicable to the prediction of the functional classes of lipid-binding proteins.
In this paper, we explore the use of SVM for developing prediction systems for 8 lipid-binding classes and for all lipid-binding proteins. These classes are lipid degradation, lipid metabolism, lipid synthesis, lipid transport, lipid-binding, lipopolysaccharide biosynthesis, lipoprotein (proteins posttranslationally modified by the attachment of at least one lipid or fatty acid, e.g. farnesyl, palmitate and myristate), lipoyl (proteins containing at least one lipoyl-binding domain). In addition to the estimate of the prediction accuracy by using an independent set of proteins, the performance of our developed SVM prediction systems is further evaluated by four additional tests to determine the usefulness of SVM for predicting novel lipid-binding proteins and the applicability of other kernel functions. One is the evaluation of the prediction accuracies when homologous proteins are considered as one. The second is the prediction of lipid-binding proteins non-homologous to any protein in Swissprot database(31). The third is to study whether the known lipid-binding domains can be predicted as lipid-binding by our SVM systems. The fourth is to study the performance of SVM with a different kernel function. host species is given in Table 1 , and that of some classes of lipid-binding proteins is given in Table 2 .
Methods

Selection of lipid-binding and non-lipid-binding proteins
From these two Tables one finds that these proteins are from diverse range of species and all species appear to be fairly adequately represented.
It is likely that not all of the identified lipid-binding protein sequences that belong to each of the above described 8 lipid-binding classes are explicitly specified in the protein sequence database. Effort is made to manually check all of the selected lipid-binding protein sequences to determine whether or not some of them belong to a specific class. It is expected that some of these proteins may still be missed and thus not included in their respective class.
All distinct members in each class are used to construct a positive dataset for the corresponding SVM classification system. A negative dataset, representing non-class members, are selected by a wellestablished procedure (26, 32, 33) such that all proteins are grouped into domain families (34) and the representative proteins of those families un-related to the specific lipid-binding class are used as negative samples. Members in the other lipid-binding classes are included in the negative dataset if they are unrelated to the class being studied. These datasets are divided into separate training, testing and independent evaluation sets in such a way that all of the distinct proteins, the remaining distinct proteins, and the rest are distributed in the training, testing and independent evaluation sets respectively. The statistics of the members and non-members in each dataset of each lipid-binding class is given in Table 3 .
Derivation of structural and physicochemical properties from protein sequence
Construction of the feature vector for each protein is based on the formula used in the prediction of RNAbinding proteins (33) , protein-protein interaction (35) , protein fold recognition (36) , and protein functional family prediction (32) . Given the sequence of a protein, its amino acid composition and the properties of every constituent amino acid are computed and then used to generate this vector. The computed amino acid properties include hydrophobicity, normalized Van der Waals volume, polarity, polarizability, charge, surface tension, secondary structure and solvent accessibility (32) .
For each of these properties, amino acids are divided into three groups such that those in a particular group are regarded to have approximately the same property. For instance, amino acids can be divided into hydrophobic (CVLIMFW), neutral (GASTPHY), and polar (RKEDQN) groups. Three descriptors, composition (C), transition (T), and distribution (D), are introduced to describe global composition of each of these properties. C is the number of amino acids of a particular property (such as hydrophobicity) divided by the total number of amino acids in a protein sequence. T characterizes the percent frequency with which amino acids of a particular property is followed by amino acids of a different property. D measures the chain length within which the first, 25%, 50%, 75% and 100% of the amino acids of a particular property is located respectively.
A hypothetical protein sequence AEAAAEAEEAAAAAEAEEEAAEEAEEEAAE, as shown in Figure 1 There is some level of overlap in the descriptors for hydrophobicity, polarity, and surface tension. Thus the dimensionality of the feature vectors may be reduced by principle component analysis (PCA). Our own study suggests that the use of PCA reduced feature vectors only moderately improves the accuracy for some of the families. It is thus unclear to which extent this overlap affects the accuracy of SVM classification. It is noted that reasonably accurate results have been obtained using these overlapping descriptors in various protein classification studies (32, (35) (36) (37) (38) .
Support Vector Machines Method
The algorithms of SVM and its applications to proteins are extensively described in the literature (32, 33, 39) . Thus only a brief description is given here. A linear SVM constructs a hyperplane 
Results and discussion
Overall prediction accuracy
The statistics of the datasets and prediction results of specific lipid-binding classes and all lipid-binding proteins are given in Table 3 . In this While our results are comparable to other studies, a significantly higher number, and thus more diverse range, of proteins are covered in our studies.
The prediction accuracy of the non-members of each lipid-binding class appears to be better than that of the members. The higher prediction accuracy for non-members likely results from the availability of more diverse set of non-members than that of members, which enables SVM to perform a better statistical learning for recognition of non-members. Based on the statistics provided on the webpage of Pfam database (34) , there are over 7,000 families of proteins, from which one can generate a diverse set of non-members for each DNA-binding class.
Because of the differences in the number of members and that of non-members in each class, there is an imbalance between each dataset. SVM based on an imbalanced datasets tends to produce feature vectors that push the hyperplane towards the side with smaller number of data (40) , which can lead to a reduced accuracy for the set either with a smaller number of samples or of less diversity. This might partly explain why the prediction accuracy for members is generally lower than that for non-members. It is however inappropriate to simply reduce the size of non-members to artificially match that of members, since this compromises the diversity needed to fully represent all non-members. Computational methods for readjusting biased shift of hyperplane are being explored (41) . Application of these methods may help improving SVM prediction accuracy in this and other cases involving unbalanced data.
Prediction of novel lipid-binding proteins
One particular application of our SVM classification systems is for the prediction of novel lipid-binding proteins that are non-homologous to other proteins. To test this capability, Swiss-Prot database (31) is searched for finding lipid-binding proteins having no single homologous protein in the database based on PSI-BLAST (14) results. A similarity E-value threshold of 0.1 is used for homolog search to ensure maximum exclusion of proteins that have a homolog. Those proteins found in the SVM training sets are then removed. As shown in Table 4 , a total of 76 proteins are found from this process, 66 or 86.8% of these proteins are correctly predicted as lipid-binding by our SVM classification systems respectively. Therefore, our SVM classification systems appear to show reasonably good capability for predicting novel lipid-binding proteins based on the set of proteins tested. 
Prediction performance for lipid-binding domains
SVM prediction performance by using a different kernel function
Apart from the Gaussian kernel function of sequence-derived physicochemical properties used in this work, several other kernel functions have been developed and applied for SVM analysis of proteins and DNAs (46) (47) (48) (49) (50) (51) (52) (53) (54) . It is of interest to test the usefulness of some of these kernel functions for predicting lipidbinding proteins. The string-kernel function has been extensively used and it has shown promising potential for protein and DNA studies (46, 47 
Contribution of feature properties to the classification of lipid-binding proteins
In this work, a total of nine feature properties are used to describe physicochemical characteristics of each protein, which have been routinely used for the prediction of RNA-binding proteins (55) and other proteins (32, (35) (36) (37) (38) . It has been reported that, not all feature vectors contribute equally to the classification of proteins, some have been found to play relatively more prominent role than others in specific aspects of proteins (36) . It is therefore of interest to examine which feature properties play more prominent role in classification of lipid-binding proteins.
In an earlier study, contribution of individual feature property to protein classification is investigated by separately conducting classification using each feature property (36) . The same method is employed here.
An analysis on the classification of the group of all lipid-binding proteins seems to suggest that, in order of prominence, the polarity, hydrophobicity, amino acid composition, and solvent accessibility play more prominent role than other feature properties. Polarity and hydrophobicity have been shown to be important for lipid-protein interactions such that lipid binding sites are located in a hydrophobic and low polarity environment (56) . High-affinity lipid binding site is some proteins appear to be located at sequence segments with specific amino acid composition (57) , and specific sequence motifs have been used for predicting lipid-binding proteins (15) (16) (17) (18) (19) . A study of apolipophorin-III in lipid-free and phospholipid-bound states showed that lipid-binding involves increased solvent accessibility due to gross tertiary structural reorganization (58) . Therefore, our prediction results are consistent with these experimental findings. 
Conclusion
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